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ABSTRACT

Genetic trends are a valuable tool for analysing the efficiency of breeding programs. They are calculated by averaging the pre-
dicted breeding values for all individuals born within a specific time period. Moreover, partitioned genetic trends allow dissect-
ing the contributions of several selection paths to overall genetic progress. These trends are based on the linear relationship
between breeding values and the Mendelian sampling terms of ancestors, enabling genetic trends to be split into contributions
from different categories of individuals. However, (1) the use of predicted breeding values in calculating partitioned genetic
trends depends on the variance components used and (2) a multiple trait analysis allows accounting for selection on correlated
traits. These points are often not considered. To overcome these limitations, we present a software called “TM_TRENDS.” This
software performs a Bayesian analysis of partitioned genetic trends in a multiple trait model, accounting for uncertainty in the
variance components. To illustrate the capabilities of this tool, we analysed the partitioned genetic trends for five traits (Birth
Weight, Weight at 210days, Cold Carcass Weight, Carcass Conformation, and Fatness Conformation) in two Spanish beef cattle
breeds, Pirenaica and Rubia Gallega. The global genetic trends showed an increase in Carcass Conformation and a decrease in
Birth Weight, Weight at 210days, Cold Carcass Weight, and Fatness Conformation. These trends were partitioned into six cat-
egories: non-reproductive individuals, dams of females and non-reproductive individuals, dams of sires, sires with fewer than
20 progeny, sires between 20 and 50 progeny, and sires with more than 50 progeny. The results showed that the main source of
genetic progress comes from sires with more than 50 progenies, followed by dams of males. Additionally, two additional features
of the Bayesian analysis are presented: the calculation of the posterior probability of the global and partitioned genetic response
between two time points, and the calculation of the posterior probability of positive (or negative) genetic progress.
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1 | Introduction

The assessment of the efficiency of selection breeding program
has traditionally relied on calculating genetic trends (Blair and
Pollak 1984; Sorensen and Kennedy 1984). These trends are
determined by averaging the predicted breeding values for all
individuals born within a specific time period. Breeding val-
ues are predicted using best linear unbiased prediction (BLUP)
through mixed model equations (Henderson 1984). However,
this approach yields a global genetic trend without offering
insights into the efficiency of breeding decisions for specific
groups of individuals. To address this limitation, partitioned
genetic trends were introduced (Garcia-Cortés, Martinez-Avila,
and Toro 2008). This approach divides the breeding values into
several components, each attributed to the Mendelian sampling
terms or the founder effects of a specific group of individuals
(e.g., sires vs. dams).

Recently, this method has been implemented in an R (R Core
Team. 2021) package called AlphaPart (Obsteter et al. 2021).
AlphaPart has been utilised in evaluating genetic trends in
dairy sheep (Antonios et al. 2023), pigs (Abdollahi-Arpanahi
et al. 2021), and cattle (Obsteter et al. 2023). AlphaPart software
can be used with predicted breeding values from genetic evalu-
ations generated by other software tools, such as DMU (Madsen
et al. 2010) or BLUPF90 (Misztal et al. 2018). However, it does
not account for the uncertainty associated with heritability or
variance components. This uncertainty can be addressed by
applying partitioned genetic trends within a Bayesian approach
(Sorensen et al. 1994), as implemented by Skorput et al. (2015)
in Croatian Landrace and Large-White pigs. Moreover, a recent
study employs a full Bayesian approach with simulated data
to partition genetic mean and variance (Oliveira et al. 2023).
However, this method requires the use of AlphaPart software
with the breeding value samples from each iteration of the Gibbs
sampler.

In livestock breeding programs, some traits may only be re-
corded in a small subset of individuals, and phenotypic infor-
mation from correlated traits can provide valuable insights into
predicting breeding values (Thompson and Meyer 1986). In
particular, using multiple trait analysis allows studying genetic
change due to selection on correlated traits, for example, yield
and fertility, or growth and carcass traits. Not using this informa-
tion leads to “non-ignorable” selection, leading to wrong results
(Im, Fernando, and Gianola 1989; Sorensen and Kennedy 1984).
As an example, it is the case of carcass quality traits, which are
not recorded in selected individuals. Some studies have used
multiple trait analysis to partition genetic trends (Abdollahi-
Arpanahi et al. 2021; Skorput et al. 2015). However, these ge-
netic trends were computed from BLUP solutions or posterior
mean estimates of breeding values, without calculating their
confidence or highest posterior density intervals. Therefore,
the objective of this study is to present a new software (TM_
TRENDS—https://github.com/david20011999/TM_TRENDS.
git) based on the TM software (Legarra, Varona, and Lopez de
Maturana 2011), that allows for the calculation of a multiple-
trait Bayesian analysis of partitioned genetic trends. This new
software simultaneously performs Bayesian estimation of pos-
terior distributions for variance components, breeding values,
and partitioned genetic trends, all within a single execution.

Unlike the approach described by Oliveira et al. (2023), it elim-
inates the need for additional post-processing of each Markov
Chain Monte Carlo samples. To illustrate its application, we de-
veloped an example investigating the genetic response and its
uncertainty for five traits (Birth Weight [BW], Weight at 210days
[W210], Cold Carcass Weight [CCW], Carcass Conformation
[CONF], and Carcass Fatness [FAT]) in two Spanish beef cattle
breeds: Pirenaica and Rubia Gallega.

2 | Materials and Methods

The phenotypic and genealogical datasets used in the study were
collected by CONASPI (Confederacién Nacional de Asociaciones
de Criadores de Ganado Pirenaico) for Pirenaica and ACRUGA
(Asociacion Nacional de Criadores de Ganado Vacuno Selecto
de Raza Rubia Gallega) for Rubia Gallega. Traits BW and W210
were recorded on farm, with weight records between 170 and
250days of age assigned to W210. Traits CCW, CONF, and FAT
were recorded at the slaughterhouse. The average age at slaugh-
ter was 373.63days (with a standard deviation of 41.76 days)
for Pirenaica and 275.27days (with a standard deviation of
25.80days) for Rubia Gallega populations, respectively. CONF
was described using the SEUROP scale and converted into a nu-
meric scale from 1 (P—, worst) to 18 (S+, best). FAT was scaled
from 1 (low) to 15 (high), as described in Altarriba et al. (2009).
Table 1 presents the number of records, as well as the pheno-
typic means and standard deviations for each trait.

The Pirenaica pedigree included 306,547 individual-sire-dam
entries, while the Rubia Gallega population had 429,068 en-
tries. All individuals registered from 1992 were included in the
pedigree. Parents of these individuals born before 1992 were
included and settled the founder population. Before 1990, data
recording was not a well-established process, thence missing or
wrong records are frequent. With this process, spurious associa-
tions and uncertainty can be reduced in the founder population
associated with data recording process problems.

TABLE 1 | Mean=standard deviation and number of records
(between brackets) for Birth Weight, Weight at 210days, Cold Carcass
Weight, Carcass Conformation, and Carcass Fatness in the Pirenaica
and Rubia Gallega populations.

Breed
Rubia
Pirenaica Gallega
Trait Birth Weight 41.17+4.46 42.72+7.07
(158,955) (354,955)
Weight at 254.00+58.32 285.74+47.79
210days (41,938) (101,414)
Cold Carcass 300.00 £ 56.21 224.18+41.13
Weight (107,887) (100,683)
Carcass 11.88+1.35 10.91£1.99
Conformation (103,180) (100,619)
Carcass 6.32+1.20 5.78+1.32
Fatness (99,056) (100,536)
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Data were analysed with the following statistical model:

Ye=Xb,+W,p,+Z,u, +e,

where y, is the vector of phenotypes for the ¢ (t={BW, W210,
CCW, CONTF, FAT} trait); b, is the vector of systematic effects
(sex and age of dam for BW; a covariate with the age plus sex
and age of dam for W210, and a covariate with the age plus sex
and slaughterhouse for CCW, CONF and FAT); p, is the vector of
random herd-year-season effects; u, is the vector of the additive
genetic effects; and e, is the vector of residuals. Furthermore, X,,
W,, and Z, are the respective incidence matrices that links the
systematic, herd-year-season, and additive genetic effects with
the phenotypic records.

The vector of the additive genetic effects and the residuals are
assumed to be multivariate Gaussian:

Upw epw
Uw210 ew10

Uccw |~ N@O, AQG), eccw |~ N@O, I®R)
Uconr €coNF

UpaT €pAT

where G and R are the additive and the residual (co)variances
matrices, respectively. Furthermore, A is the numerator addi-
tive relationship matrix. The herd-year-season effects for BW
and W210 were assumed to be N(O, a;(BW)) and N(O, ‘7;2)<wz10))’
where a;(BW) and a;(wzm) are the herd-year-season variances
associated with the herd of birth and herd of recoding W210.
Finally, the herd-year-season effects for CCW, CONF, and FAT

follow a multivariate Gaussian distribution:

Pccw
Pcon NN(O’I ®M)

DPraT

where M is the hear-year-season (co)variance matrix associ-
ated with the herd of growth. Prior distributions for the vari-
ance components and the systematic effects were assumed
uniform.

The implementation of the Gibbs sampler is equivalent to that
used in the original TM software (Legarra, Varona, and Lépez
de Maturana 2011). Specifically, the multi-trait implemen-
tation of the Gibbs sampler is based on Van Tassell and Van
Vleck (1996), that involves sampling from the conditional dis-
tributions of each level of the systematic, random, and additive
genetic effects, which follow univariate Gaussian distributions,
as well as from the conditional distributions of the variance
components, which follow inverted Wishart distributions.

To develop the partitioning of genetic trends, the vector of
breeding values for each trait (u,) was described as a linear
combination of the Mendelian sampling terms (¢) and the
breeding values of the founders, following the approach sug-
gested by Garcia-Cortés, Martinez-Avila, and Toro (2008).
Thus, u, = T¢,, where T is a triangular matrix that models

the flow of the genes through the pedigree (Woolliams, Bijma,
and Villanueva 1999). Furthermore, Garcia-Cortés,
Martinez-Avila, and Toro (2008) proposed defining a set
of partitions based on cluster or groups of individuals
(Py+P,+P;+ ... +P,) =1 The P; are diagonal matrices
with ones in the diagonal if the individual belong to the ith
cluster and zero otherwise. Then,

u,=T(P,+P,+Ps;+ ... +P,)¢,

Replacing the Mendelian terms by ¢, = T u,:

u, = TP, T 'u, + TP,T'u, + TP;T'u, + ... + TP, T 'u,

U, = Uyq) + Uy + Uygy + oo+ Uy

where u,, = TP, T~'u, represents the vector of the kth parti-
tion of the breeding values. The TM_TRENDS software imple-
ments this partitioning at each iteration of the Gibbs sampler. It
computes the average of the partial breeding values for each year
to estimate the posterior mean and the posterior standard devia-
tion of the partitioned genetic trends for each trait. Additionally,
the software generates a text file containing samples of parti-
tioned and global genetic trends, which can be used to compute
the posterior distributions.

Breeding strategies in beef cattle populations, such as the
Pirenaica and Rubia Gallega breeds, involve several selection
decisions: (a) selection of dams, (b) identification of dams of
future males, (c) selection of future sires, (d) selection of best
young males by progeny testing, and (e) selection of the best
males among the progeny tested to widespread the selection re-
sponse all over the population. Therefore, the individuals of the
pedigree were categorised into the following six clusters:

« Non-reproductive (NR): Individuals in the pedigree without
any progeny.

o Dams of females and NR (DFNR): Dams of NR females and
of individuals without progeny. Note that they are not dam
of any sire.

« Dams of sires (DS).

« Sires with a progeny lower than 20 (520).

« Sires with a progeny between 20 and 50 (S50).
« Sires with a progeny larger than 50 (S+).

Table 2 provides a summary of the distribution across these
clusters.

In this work, for both breeds, the procedure involved a single
chain of the Gibbs Sampler of 500,000 iterations, with the initial
100,000 iterations discarded for burn-in.

3 | Results and Discussion

The files needed for the implementation of the TM_TRENDS
software are similar to those required for the original TM
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TABLE 2 | Number of individuals allocated at each of the six clusters in the Pirenaica and Rubia Gallega populations.

Breed
Pirenaica Rubia Gallega
Cluster Non-reproductive 235,730 337,328
Dams of females and non-reproductive 62,422 87,746
Dam of sires 3528 1735
Sires with a progeny lower than 20 2009 956
Sires with a progeny between 20 and 50 1166 522
Sires with a progeny larger than 50 1692 761

(Legarra, Varona, and Ldépez de Maturana 2011) and are de-
tailed in detail in the software documentation (see File S1).
These files include a parameter file, a pedigree file and a data
file. The parameter file contains the following information: (1)
the names of the pedigree and data files; (2) the number of con-
tinuous and threshold traits; (3) the number of time units; (4) the
number of clusters for partition the genetic trend; (5) the num-
ber of covariates, systematic and random effects, along with the
number of levels for each effect; and (6) the initial values for the
variance components, number of iterations, thinning interval
and burn-in period for the Gibbs Sampler. The pedigree file pro-
vides individual identification, sire and dam information, along
with unit time and cluster assignments. Finally, the data file in-
cludes covariates, systematic, and random effects, as well as the
phenotypic records. An example of these files is provided in the
software documentation (TM_TRENDS—https://github.com/
david20011999/TM_TRENDS.git).

The TM_TRENDS software estimates variance components
similarly to the original TM (Legarra, Varona, and Lopez de
Maturana 2011). Tables S1 and S2 present the posterior esti-
mates of the heritabilities, genetic correlations, and residual
correlations for the Pirenaica and Rubia Gallega, respectively.
Furthermore, the posterior mean and standard deviation of the
herd-year-season, additive and residual (co)variances are pre-
sented in Tables S3, S5, and S7 for Pirenaica and S4, S6, and S8
for Rubia Gallega.

The posterior mean estimates of the heritabilities, genetic and
residual correlations align with previous findings in the same
populations (Altarriba et al. 2009; Lopez-Carbonell et al. 2023;
Martinez-Castillero et al. 2021), as well as results observed in
other populations (Hickey et al. 2007; Srivastava et al. 2019;
Utrera and Van Vleck 2004). Comparing both breeds, Pirenaica
exhibits higher heritability for BW and lower heritability for
FAT compared to Rubia Gallega. The genetic correlations con-
firm previous research by Altarriba et al. (2009) in the Pirenaica
population, showing positive correlations between BW and
CCW, BW and CON, CCW and CONF and negative correlations
between CONF and FAT. These correlations assist in predict-
ing breeding values and estimating genetic trends. It is well
known that using multiple trait models enhances the accuracy,
especially for traits with low heritability traits and those with
a strong correlation with another trait. Additionally, multi-trait
models improve accuracy for individuals without phenotypic re-
cords. For instance, in the analysed dataset, many individuals

have recorded BW data, while only a subset has records for live
(W210) or slaughterhouse-based (CCW, CONF, and FAT) traits.
Thus, the phenotypic information for BW contributes to more
accurate predictions of breeding values and genetic trends for
W210, CCW, CONF, and FAT.

Figure 1 displays the posterior mean and highest posterior distri-
bution with 95% probability (highest posterior densities [HPDs]
95) of the total genetic trends for BW, WW, CCW, CON, and FAT
as estimated by the TM_TRENDS software. These results are
obtained within the same software execution used for variance
component estimation and breeding values prediction, eliminat-
ing the need of multiple runs of additional software to apply the
partitioning method, as was done using AlphaPart software in
Oliveira et al. (2023). This approach also addresses challenges
related to memory costs and computational demands typically
associated with R-based software if AlphaPart is used.

The genetic trend for BW showed a clear decline in the Pirenaica
population, with the posterior standard deviation indicating that
the genetic change is significantly different from zero. In con-
trast, the Rubia Gallega population exhibited a slight increase
in BW until 1998, followed by a reduction and stabilisation since
2010. BW is a crucial trait in selection criteria aimed at reducing
calving difficulties (Inoue, Hosono, and Tanimoto 2017). The
difference of the genetic response between breeds can be associ-
ated with a higher selection pressure in Pirenaica.

W210 and CCW were positively genetically correlated (0.69 in
Pirenaica and 0.48 in Rubia Gallega). Consequently, the ge-
netic trends for both traits were very similar. Both populations
showed a decrease in W210 and CCW until 2012. At this point,
the Pirenaica population continued its reduction in both traits,
while the Rubia Gallega reversed the genetic trends, showing
an increase in W210 and CCW. In general, Spanish beef cattle
breeds have been directed towards meeting market demands
characterised by low carcass weights with high conformation
(Piedrafita et al. 2003). The Rubia Gallega seems to follow a dif-
ferent trend, with larger animals slaughtered earlier. This trend
is confirmed by the global genetic trends of FAT and CONTF,
which showed a positive trend in CONF and a negative trend in
FAT. The SEUROP measure of CONF is directly linked to the
price that farmers receive at slaughterhouses, making the im-
provement of CONF of high economic interest. The reduction
in FAT may be attributed to the negative genetic correlation
with CONF (-0.40 in Pirenaica and —0.63 in Rubia Gallega).
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FIGURE 1 | Posterior mean (line) and highest posterior distribution with 95% probability (shadow) of the whole population genetic trends for
Birth Weight (BW), Weight at 210days (W210), Cold Carcass Weight (CCW), Carcass Conformation (CON), and Carcass Fatness (FAT) in Pirenaica
(left) and Rubia Gallega (right) breeds. [Colour figure can be viewed at wileyonlinelibrary.com]

However, there are differences between the two populations: the
slope of the genetic trend for CONF is steeper in Pirenaica than
in Rubia Gallega, particularly after 2003 when SEUROP data
were incorporated into the genetic evaluations of the breeding
program. In contrast, the genetic trend for FAT in Rubia Gallega
shows an inflection point around 2010, when the decline in
FAT stopped and either stabilised or slightly increased. This
can be associated with the slaughterhouse age of both breeds.
The Rubia Gallega individuals are slaughtered younger than
those from the Pirenaica to increase the tenderness of the meat.
Because fat is deposited at late ages, the selection objective has
changed so as not to decrease the quality of the meat.

The posterior means and HPD 95 of the partitioned genetic
trends provided by the TM_TRENDS software are presented in
Figure 2.

By analysing the posterior estimates of the partitioned genetic
trends, it can be observed that most of the genetic response in
both populations is primarily driven by the S+ sires. Indeed, the
posterior distributions whose densities are clearly different from
zero are those associated with these sires. The only exceptions to
this are the genetic trends associated with DS, whose posterior

distributions are significantly different from zero in CONF for
the Pirenaica population and in FAT for both populations. These
results are similar to those described by Antonios et al. (2023)
in dairy sheep, indicating that selection is linked to the choice
of dams for future males and the final selection of AI sires. In
contrast, almost no sign of selection is identified in natural ser-
vice sires (those with fewer than 50 progeny), suggesting that
selection efforts are focused on the preselection of dams for fu-
ture sires. Moreover, the selection of dams does not provide any
relevant genetic response, likely because the potential selection
intensity for dams in beef cattle is very low.

It is important to note that in this case, a single group of founder
individuals has been assigned in each breed, but TM_TRENDS
also allows several founder groups to be assigned, and the ge-
netic trends compared to them.

The TM_TRENDS software also outputs all Gibbs samples for
the global and partitioned genetic trends. These values can be
used to compute the posterior distribution for the genetic trends
and any desired combination of them, which can be a valu-
able source of information to understand the effectiveness of a
breeding program by groups. To illustrate this feature, Figure 3
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FIGURE2 | Posterior mean (line) and highest posterior distribution with 95% probability (shadow) of the partitioned genetic trends in six different

clusters (non-reproductive—NR-, Dams of dams and non-reproductive -DFNR-, Dam of Sires-DS-, Sires with a progeny lower than 20-S20-, Sires
with a progeny between 20 and 49-S50-, and Sires with progeny higher than 50-S+-) for Birth Weight (BW), Weight at 210 days (W210), Cold Carcass
Weight (CCW), Carcass Conformation (CONF), and Fatness (FAT) in Pirenaica (left) and Rubia Gallega breeds (right). [Colour figure can be viewed

at wileyonlinelibrary.com]

presents the posterior distributions of the global genetic differ-
ence in CONF for the two populations between individuals born
in 1997 and 2007, and between 2007 and 2017, along with the
genetic difference attributed to S+ and to the remain clusters of
individuals during the same periods.

The figure shows that the total genetic progress in the Pirenaica
population was more pronounced from 2007 to 2017 compared to
1997 to 2007. In contrast, the genetic progress in Rubia Gallega,
although positive, was smaller. The figure also highlights the ge-
netic progress attributed to S+, which follows the same pattern
as the global progress. This confirms that the main source of
genetic advancement in both populations is the gene flow from
S+, primarily comprising the sires selected for AL

Another valuable feature of the Gibbs sampler output is the abil-
ity to calculate the posterior probability of a positive (or negative)

genetic response between two specific time points. Again this
evidence the effectiveness of the selection applied in the whole
population or a certain group. Additionally, a threshold genetic
response can be settled and the probability of achievement can
be calculated. This analysis can be also useful to replicate real-
istically selection by clusters in a breeding program simulation.
To illustrate this, Figure 4 presents the posterior mean and the
95% HPDs for the yearly total genetic response for CONF in the
Pirenaica population, as well as the genetic response attributed
to S+ and DS clusters. Additionally, it displays (as a number) the
posterior probability of a positive genetic response for each year.

The results in Figure 4 confirm the overall genetic trend for
CONF in the Pirenaica population, with the posterior prob-
ability of a positive genetic trend exceeding 0.9 in most years.
However, it is evident that the genetic trend was less pronounced
between 1999 and 2003. Additionally, the posterior probabilities
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FIGURE 3 | Total genetic progress (WP, in red), associated with sires with progeny higher than 50 (S+, in green), and linked with the other clus-
ters (Others, in blue) for Carcass Conformation and from 1997 to 2007 and from 2007 to 2017. [Colour figure can be viewed at wileyonlinelibrary.com]
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of genetic response for the S+ and DS clusters corroborate these
findings. For the S+ cluster, the posterior probability of a posi-
tive genetic response exceeded 0.9 in all years except from 1998
to 2003. Furthermore, the posterior probability of a positive ge-
netic trend in the DS cluster was over 0.5 in almost all years,
exceeding 0.9 in 10 of the 27 years analysed.

The posterior estimates of genetic trends rely on the cluster
definition, which can be easily modified in the pedigree file.
The simplicity of this definition facilitates the evaluation of
breeding strategy efficiency across different clusters of individ-
uals in animal and plant populations. Furthermore, multiple-
trait analysis incorporates information from correlated traits
and enables the study of genetic trends for all traits within a
single analysis.

The TM_TRENDS software presented here calculates genetic
trends using only genealogical information. Previous studies
(Abdollahi-Arpanahi et al. 2021) estimating partitioned genetic
trends have used breeding value solutions from a single-step
GBLUP (Legarra et al. 2014), but, the numerator relationship
matrix is applied to estimate partitioned genetic trends. The
partitioning methodology (Garcia-Cortés, Martinez-Avila, and
Toro 2008) is based on the recursive properties of the breeding
value definition, allowing these values to be split into contribu-
tions from ancestors and Mendelian sampling terms. This recur-
sive property does not hold with the genomic relationship matrix
(G), as defined by VanRaden (2008). However, Christensen
et al. (2014) has adapted the concept of partial genetic matrix
(Garcia-Cortés and Toro 2006) to SNP marker-based partial ge-
netic matrix. Therefore, the implementation of a procedure for
partition the genetic trends into cluster should involve the defi-
nition a marker-based partial genetic matrix for each cluster of
individuals in a similar way that is it performed in the genomic
evaluation of crossbreeding populations (Gonzalez-Diéguez
et al. 2020; Mei et al. 2023).

4 | Conclusion

The TM_TRENDS software integrates the Bayesian calculation
of partitioned genetic trends into the TM software (Legarra,
Varona, and Lépez de Maturana 2011), maintaining its flexibility
in incorporating covariates, systematic and several environmen-
tal and genetic random effects in univariate or multivariate anal-
yses, as well as for linear and threshold traits. Multiple founder
groups can be also considered. The multiple trait model includes
information across all correlated traits and reduces estimation
bias by accounting for correlated selected traits. Moreover, the
Bayesian implementation offers a more detailed inference of the
global and partitioned genetic trend, as it accounts for the uncer-
tainty in the variance components and provides all Gibbs sam-
ples of the global and partitioned genetic trends, which can be
used for additional inferences. This tool opens new possibilities
for exploring the dynamics of genetic trends and responses to
selection in animal and plant populations.
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